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Abstract— Rapid progress in imitation learning, foundation
models, and large-scale datasets has led to robot manipulation
policies that generalize to a wide-range of tasks and environ-
ments. However, rigorous evaluation of these policies remains a
challenge. Typically in practice, robot policies are often evaluated
on a small number of hardware trials without any statistical
assurances. We present SureSim, a framework to augment large-
scale simulation with relatively small-scale real-world testing to
provide reliable inferences on the real-world performance of a
policy. Our key idea is to formalize the problem of combining real
and simulation evaluations as a prediction-powered inference
problem, in which a small number of paired real and simulation
evaluations are used to rectify bias in large-scale simulation.
We then leverage non-asymptotic mean estimation algorithms
to provide confidence intervals on mean policy performance.
Using physics-based simulation, we evaluate both diffusion policy
and multi-task fine-tuned π0 on a joint distribution of objects
and initial conditions, and find that our approach saves over
20−25% of hardware evaluation effort to achieve similar bounds
on policy performance. Supplementary notes and videos can be
found at https://suresim-robot-eval.github.io.

I. INTRODUCTION

Advancing robot learning requires statistically rigorous pol-
icy evaluation for reliably assessing how policies generalize to
new tasks and environments [1]–[3]. Rapid progress in deep
learning was driven by standardized metrics and evaluation
benchmarks such as ImageNet [4] in computer vision, and
SquaD [5] and GLUE/SuperGLUE [6, 7] in natural language.
Unlike the static benchmarks in these domains, robot policy
evaluation in the real-world requires physical interaction of the
robot and its environment which is resource intensive in time
and human effort. For instance, consider the fundamental
question of evaluating the success rate of a policy on a
distribution of environments. Due to the expensive nature of
real-world evaluation, most research studies report empirical
success rates of policies evaluated on a small number (e.g., 20-
40) of trials. At the same time, there is a growing consensus
for rigorous statistical analysis and nuanced discussions of
evaluation criteria and policy failure modes [1, 3, 8]. As a
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result, assessing whether a policy will perform reliably in a
new environment distribution remains a core challenge [2].

In robotic manipulation, recent advances in physics-based
simulators [9] and action-conditioned video prediction mod-
els [10, 11] provide scalable alternatives to real-world policy
evaluation. While growing evidence suggests that simulation
performance correlates well with real-world performance in
aggregate across a diversity of tasks and environments [12, 13],
the simulation-to-real gap precludes rigorous statistical in-
ferences about real-world outcomes from simulation results
alone. This paper presents a framework to augment a small
number of real-world evaluations with large-scale simulations
to achieve scalable policy evaluation with trustworthy statis-
tical inferences about real-world performance. Crucially, our
framework can achieve tighter statistical bounds on policy
performance by scaling up the number of simulations in place
of scaling the number of real-world evaluations.

However, using large-scale simulations for policy evalua-
tion with trustworthy statistical inferences on real performance
faces significant challenges due to the simulation-to-real gap,
stemming from mismatches in visual features (e.g., lighting
conditions, object textures) and inaccurate modeling of contact
physics and real physical parameters (e.g., friction coeffi-
cients) [14, 15]. Current robot policies, including foundation
models and imitation learning-based policies, can be sensitive
to such discrepancies. As a result, performance bounds solely
relying on large-scale simulation predictions can be biased.

We tackle the aforementioned challenges in order to
provide confidence intervals on mean performance of robot
manipulation policies. Our key idea is to connect the problem
of combining simulated and real-world evaluations to that of
prediction powered inference (PPI) [16]. PPI is a paradigm
for valid statistical inference that can leverage a large set
of learned model predictions together with a comparatively
small number of gold-standard data. In our setting, gold-
standard labels are real-world evaluations of a policy, while
the predictions are obtained from simulation evaluations.
For a bounded performance metric, the resulting confidence
intervals on mean policy performance are valid with the
finite samples of real and simulated data. When simulation
is sufficiently predictive, PPI yields tighter non-asymptotic
confidence bounds than using real-world trials alone, allowing
us to scale with simulation rather than costly hardware
evaluations. Our experiments show that it is possible to save
20 − 25% of hardware trials using state-of-the-art physics-
based simulators [9].

Statement of Contributions. First, we present a rig-
orous policy evaluation framework for finite-sample valid
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Fig. 1: Our goal is to evaluate a policy by computing bounds on its mean real-world performance on a diverse environment
distribution Denv. We present a framework that augments real-world evaluations with simulation evaluations to provide stronger
inferences on real-world policy performance that could otherwise only be obtained by scaling up real-world evaluations.

inferences on real-world performance by combining large-
scale simulation trials with a relatively small number of
real trials. A key element is pairing each real trial with
its corresponding simulation trial on the same task or
environment instance to estimate and correct for simulation
bias. To operationalize this, we introduce a real2sim pipeline
to leverage prediction powered inference, and we identify best
practices for integrating simulation with real-world evaluation
to obtain tighter confidence intervals. Second, we demonstrate
our evaluation paradigm on a single-task diffusion policy [17]
trained from scratch as well as the robot foundation model
π0 [18] finetuned on multiple tasks. Finally, we discuss the
sensitivity of our method to different types of real-simulation
gap, including an example of when the gap is too large for
simulation to provide benefits over real-only trials.

II. RELATED WORK

Real-world Policy Evaluation. Real-world evaluation
is expensive because it offers limited parallelism while
often requiring manual logging of outcomes and careful
resetting of environments. Yet, it remains the gold-standard
for assessing policy performance, driving significant efforts
to establish standardized robotic benchmarks with carefully
defined tasks, environments, and robot setups for reproducible
policy evaluation [19]–[23]. A comprehensive list of best
practices for rigorously evaluating robot policies is detailed
in [1]. To address these challenges, the community is
building cloud-based evaluation platforms [14, 24]–[27] and
distributed evaluator networks for unbiased, pairwise policy
comparisons [28]. However, rapidly evaluating policies by
scaling hardware evaluations with sufficient coverage for
statistical assurances remains challenging.

Policy Evaluation in Simulation. Physics-based simula-
tion benchmarks [9, 29]–[35] offer a reproducible and cheaper
alternative to real-world robot policy evaluation, though they
can be time-consuming to set up. Action-conditioned video
world models [10, 36, 37] promise faster scene initialization
via text, image, or video prompts [38]. While their use in
policy evaluation is nascent, it is attracting growing interest

due to advantages over physics-based simulation [11, 13].
These models, however, remain susceptible to hallucinations,
and accurately capturing real-world dynamics is still a major
challenge. Yet, simulation remains a valuable proxy. For
example, simulation-based rankings—whether across different
policies or for a given policy under diverse environmental
factors—have been shown to correlate well with real-world
performance [12, 13, 19, 34, 39]. Predictive red-teaming algo-
rithms [40] offer an alternative to simulation by predicting
whether a policy will succeed in a new environment without
policy rollouts, showing strong correlation between real and
predicted performance rankings across various environmental
factors. In contrast to these methods, our approach leverages
simulation, even when imperfect, to provide assurances on
real policy performance over a distribution of tasks and
environments.

Statistically Confident Policy Evaluation. A recent study
presents statistically rigorous protocols for comparing the
capabilities of generalist robot policies in real-world and
simulation tests [3] Sequential policy comparison frameworks
further reduce real-world evaluation cost while maintaining
statistical validity under anytime stopping [8]. Beyond com-
paring policies, it is also important to assess the individual
policy performance. For binary success criteria, Vincent
et al. [41] provide optimal confidence intervals from real
evaluations. For non-binary metrics, confidence intervals
may be obtained from real-world evaluation samples via
concentration inequalities (e.g., Hoeffding [42]), though this
would require a large real evaluation budget. Instead, we scale
simulation while requiring a small number of real evaluations
to ensure reliability.

Finally, concurrent to our work are efforts that apply statisti-
cal inference techniques to off-policy evaluation [43], and the
use of control variates to combine simulation evaluation with
real-world logged data, demonstrating applications in self-
driving and robot navigation [44]. While conceptually related,
our work differs in two key respects. First, we present finite-
sample valid confidence bounds on real-world performance of



manipulation policies that are tighter than existing baselines.
Secondly, we demonstrate the idea of combining real-world
and simulation evaluations on robotic manipulation, which
faces a unique set of challenges — robot policies can be
sensitive to small perturbations in the environment, and the
robot and environment state are more tightly interdependent.

III. PROBLEM STATEMENT

Let Denv denote a distribution over real-world environments
X in which we wish to evaluate a robot policy π ∈ Π. In
robotic manipulation, this distribution could be defined by
the diversity of objects and tasks, environmental factors (e.g.,
lighting, background, table texture), and spatial variations
in object and robot poses, among others. We assume a
bounded evaluation metric M : X × Π → [0, 1], such as
a success/failure metric or a continuous metric for partial
task completion.

We consider the mean estimation problem in policy
evaluation, where the goal is to estimate the policy’s average
performance according to metric M over the environment dis-
tribution Denv. Formally, we define mean policy performance
µ∗ as:

µ∗ := EX∼Denv [Y (X)],

where Y (X) = M(X,π) is the outcome of evaluating policy
π in environment X under metric M . For sampled environ-
ments X1, . . . , Xn

iid∼ Denv, the outcomes of real-world policy
evaluation according to metric M are denoted as Y1, . . . , Yn,
respectively. We define the empirical evaluation sample as
Sn = {(X1, Y1), . . . , (Xn, Yn)}. Using the empirical data Sn

we seek a confidence interval CI = (l, u) that contains µ∗

with high probability. Confidence intervals provide bounds
on the true performance of a policy with high probability,
and can be useful for decision-making and policy comparison.
Mathematically stated, for any significance level α ∈ (0, 1)
and any finite number n of real-world evaluations, we seek
a confidence interval CI such that:

PSn∼Dn
env
(µ∗ ∈ CI) ≥ 1− α, (1)

where the probability measure is defined over the draw
of the empirical evaluation sample Sn. Any method that
satisfies Equation (1) is Type-I error controlling at significance
level α. While the interval [0, 1] trivially satisfies this
guarantee, it provides little insight; therefore, we seek a
tight confidence interval satisfying Equation (1). Importantly,
we make no assumptions on the distribution of Yi beyond
measurability and the boundedness induced by the metric M .
We do not require a priori knowledge of a distribution family,
the existence of a density, or other structural assumptions.

A nonasymptotic confidence interval for µ∗ can be derived
directly from the finite number of gold-standard evaluations
Y1, . . . , Yn using standard non-asymptotic methods like
Hoeffding [42] or Bernstein inequalities, or more recent
state-of-the-art betting-based methods [45]. Ideally, we want
a tight interval concentrated around µ∗, but collecting a
large number of real-world evaluations is costly. In contrast,
simulation evaluations are relatively cheap and scalable. This

motivates the central question of our work: Can we make valid
inferences on the real performance of a policy by augmenting
a small amount of real-world evaluations with a large number
of simulation evaluations?

IV. APPROACH: SIMULATION TO AUGMENT REAL TESTS
VIA PREDICTION POWERED INFERENCE

Suppose we have access to a simulator for policy evaluation.
Let Xsim denote the set of simulation environments. We can
define a real2sim function g : X → Xsim that translates a real
environment setup into simulation. For each real environment
X ∈ X , the corresponding simulation environment is defined
as X̃ = g(X). For example, as shown in Figure 1, if X is a
robot manipulation environment—defined by the robot (type,
dynamics, texture, and initial pose), the objects (3D models,
textures, material properties, and initial pose), and background
conditions (lighting and background textures) — then the
corresponding simulation environment X̃ is constructed to
closely match the real-world dynamics and visual features.
Simulation evaluations are given by the function f : Xsim →
[0, 1] defined as f(X̃) = Msim(X̃, π), where X̃ ∈ Xsim and
Msim simulation evaluation metric.

Correcting for bias in large-scale simulation predictions
and deriving valid confidence intervals for µ∗ requires more
than simply combining real and simulated evaluations through
imputation. To tackle this challenge, we identify prediction
powered inference (PPI) [16] as a suitable mathematical
framework for our problem. Prediction powered inference
enables valid statistical inference when experimental datasets
are supplemented with machine-learning predictions. It has
been applied to diverse problems such as protein structure
analysis with AlphaFold, galaxy classification, and deforesta-
tion monitoring using computer vision [16]. For example,
in galaxy classification, human annotators provide a limited
set of ground-truth labels (“spiral” vs. “not spiral”) from
galaxy images, while computer vision models provide cheaper
predictions on the input images at a much larger-scale.

SureSim. In our setting, each input corresponds to a
robot manipulation environment X , with the ground-truth
label given by real outcome Y (X) of rolling out the
policy. We choose simulation as a proxy for real-world
evaluation but unlike the problems studied in [16], we cannot
directly evaluate on X in simulation. Composing the real2sim
function with the simulator yields simulation predictions
for real environments: f(X̃) = f(g(X)). This formulation
enables us to apply prediction-powered inference to rigorously
combine real-world trials with large-scale simulation for
reliable estimates of real performance. To apply PPI, we
require a small number of paired evaluations in both real
and simulation. For the set of n + N real environments
X1, . . . Xn+N

iid∼ Denv, we apply the real2sim function to get
simulation environments X̃1, . . . , X̃n+N , where X̃i = g(Xi).
The corresponding outcomes of evaluating the policy in
simulation are denoted as f(X̃1), . . . , f(X̃n+N ). Uniformly
at random, we select n of those environments in which
to conduct real trials. Thus, the paired evaluation data



comprises of the real-world outcomes and associated simula-
tion predictions: Dpaired = {(Yi, f(X̃i))}ni=1. The remaining
number of additional simulation evaluations N exceeds the
number of real-world evaluations n, and these are denoted as
Dsim = {f(X̃i)}n+N

i=n+1. The ith data sample is defined as:

∆i =
n+N

n

(
Yi − f(X̃i)

)
ξi + f(X̃i), 1 ≤ i ≤ n+N, (2)

where ξi is an indicator of whether (Yi, f(X̃i)) ∈ Dpaired.
The sample mean of Equation (2) yields the uniform PPI
estimator for µ∗ [46]:

µunif
PPI =

1

n

n+N∑
i=N

(Yi − f(X̃i))︸ ︷︷ ︸
Rectifier

+
1

n+N

n+N∑
i=1

f(X̃i)︸ ︷︷ ︸
Simulation evaluations

. (3)

The first term is referred to as the rectifier, since it corrects
for the evaluation bias in large-scale simulation predictions.
Intuitively, the rectifier encodes the real2sim gap in pol-
icy evaluations: a lower rectifier variance relative to real
evaluation scores indicates that the simulator is sufficiently
predictive of real outcomes.

For some significance level α, a confidence interval for µ∗

is computed from the sample evaluation data (Equation (2))
using non-asymptotic methods for mean estimation via the
Waudby-Smith and Ramdas (WSR) algorithm [45], which just
requires the bounds of the random variable to be specified
a priori. This method is denoted as SureSim (Scalable
and Reliable Policy Evaluation with Simulation). We also
present a hedged variant termed SureSim-UB which returns a
confidence interval resulting from a union bound of SureSim
(computed at budget 3α

4 ) and Classical (at budget α
4 ).

SureSim (2-Stage). Prediction-powered inference was
originally introduced with a two-stage setup for data sampling:
one for paired data and the other for proxy predictions [16].
The resulting estimator for µ∗ is:

µPPI =
1

n

n∑
i=1

(Yi − f(X̃i))︸ ︷︷ ︸
Rectifier

+
1

N

N∑
i=1

f(X̃i)︸ ︷︷ ︸
Additional simulation evaluations

, (4)

where µPPI is also an unbiased estimate of µ∗. The method is
two-stage because it splits the confidence interval construction:
one interval for the rectifier at level δ < α, another for the
simulation data at level α − δ, and combines them with a
Minkowski sum via union bound [16]1. If real and simulation
scores lie in the range [0, 1], the rectifier is bounded between
[−1, 1]. The bloated rectifier bounds coupled with the small
number of paired samples for the rectifier confidence interval
leads to wider confidence intervals for µ∗ under the two-
stage approach. Similar to SureSim-UB, we also introduce a
hedged version of this method termed SureSim-UB (2-Stage).

Theorem 1. SureSim and its variants return finite-sample
valid confidence interval CI that satisfies Equation (1).

1The allocation of risk to δ and α− δ can be approximately optimized.
In practical settings, using δ ≈ 0.9α is a reliable heuristic.

Proof: By construction of the real2sim function, the
prediction rule is the functional composition f◦g : X → [0, 1].
Under the assumption that {Xi}n+N

i=1 are drawn i.i.d from the
task and distribution Denv, the finite-sample validity of the
resulting confidence interval follows directly from [16, 46].

Baseline. Termed as Classical, our primary baseline
computes finite-sample confidence intervals — without aug-
menting simulation — by applying the non-asymptotic WSR
procedure [16, 45] directly on real evaluations. These intervals
represent the standard procedure for obtaining confidence
intervals on the mean, and serve as an ablation with respect
to the incorporation of proxy data.

Related Methods. While we primarily compare our meth-
ods to Classical since it provides a finite-sample guarantee,
we also implement and discuss the control variates procedure
(denoted Control Variate) [44] in the sim2sim setting. We
do not consider it a baseline for the hardware experiments
because it is not provably Type-I error controlling in finite
samples. Therefore, the practitioner cannot know for their
problem that the resulting confidence interval from [44]
contains the true mean at a specified level of confidence.
In particular, this procedure utilizes the empirical correlation
of the simulation evaluations to make optimization-based
reductions to the mean estimation, at the expense of looser
dependence on the confidence level α. These paired samples
yield a variance estimate for the control variate estimator,
which is subsequently used in Chebyshev’s inequality to
derive a confidence interval for the mean [44]. However, in
finite-sample settings, the variance estimate may be biased for
small n, and even unbiased constructions (such as through
data splitting) need not upper-bound the true variance, a
requirement for Chebyshev’s inequality.

V. ROBOT EXPERIMENTS

We evaluate policy generalization on the pick-and-place
family of tasks for diverse object types and initial conditions.
Specifically, we seek to address the following questions:
1) How tight are our confidence intervals relative to the
baselines? What benefit does this translate to in terms of
real-world evaluation cost? 2) How does the confidence
interval width decrease as we scale the number of simulation
evaluations? 3) How well does our method perform under
high and low real-simulation correlation?

Experimental Setup. We evaluate policies on a Franka
Panda robot with a wrist-mounted RealSense D405 and a
Logitech C920 third-person camera. This setup is replicated in
simulation using ManiSkill3 [9] by constructing a customized
Franka Panda robot in which the default gripper is replaced
with a 3D model of the real gripper. The robot base pose in
simulation is aligned with the real robot through manual
calibration. Similarly, we transfer the camera calibration
parameters from the real setup—covering both the wrist-
mounted camera and the third-person camera—to their
counterparts in simulation. We use the same control frequency
as the robot in the real world. The workspace table is
constructed by scripting a table mesh and overlaying it with
the texture of the real table. For the background, we import



a real-world mesh obtained via 3D scanning. Finally, we
use the default shader with shadows enabled to strike a
balance between simulation speed and visual quality, and tune
lighting parameters until policy performance in simulation
on randomly selected initial conditions is as high as possible.

Real2Sim Pipeline. We collected 120 real objects, pri-
marily toy kitchen items (Figure 2), to evaluate object
generalization. For paired simulations, each object’s texture
and 3D mesh were reconstructed from a single image
using Meshy. These 3D models were scaled to match real-
world dimensions, and their pose was set according to real
experiments. The additional simulation set consists of 2100
objects from the RoboCASA repository [33], excluding those
without a semantic or geometric equivalent in the real-world
set (e.g., plates). Ideally, we would have access to a large-
scale repository of real-world objects with corresponding 3D
model pairs—akin to the YCB dataset [47], but expanded to
include thousands of objects. This would allow us to uniformly
sample a subset of objects for real-world and paired simulation
evaluation, while using the remaining objects exclusively
for additional simulation evaluations. However, such large
datasets do not at present exist, and therefore, we take these
120 objects are taken to approximate the real-world object
distribution that we wish to evaluate our policy on.

Fig. 2: Left: Evaluation setup illustrating pick object initial
conditions. Right: Objects used for real-world and paired
simulation evaluations.

Policies. We evaluate two policies: i) a single-task diffusion
policy [17] trained from scratch and ii) a generalist policy
π0 [18], fine-tuned on multiple objects. Our diffusion policy
is trained on 200 demonstrations of a single task — to pick
up a tomato and place it in a plate. The training distribution
comprises of the tomato and the plate being placed randomly
in a 30cm-by-40cm space. Though trained on a single object,
we evaluate this diffusion policy on its generalization to
multiple objects. We finetune π0 for 7 different objects
according to the language instruction “put <object> into
the box” with 40 demonstrations for each object. In the fine-
tuning demonstrations, the pick object is randomly placed
in a 10cm-by-20cm grid, while the box is placed at roughly
the same xy-position. The open-loop action horizon for each
inference step was set to full action chunk size of 30.

Evaluation Metrics. For each real object, we rollout
diffusion policy and π0 at the different initial conditions
of the pick object as shown in Figure 2, respectively. Each
rollout is assigned a partial evaluation score: 0 for no grasp,
0.25 for a failed grasp (object slips), 0.5 for a successful grasp,
0.75 for successful grasp but unsuccessful release over the
place object, and 1 for complete task success. In simulation,
we record a partial success score as follows: 0 for no grasp,

0.5 for successful grasp, and 1 for complete task success.
Rectifier and the Real-Simulation Evaluation Gap.

Additionally, we share a few insights on mitigating the real-
simulation gap in paired evaluations. Crucially, for mean
estimation, this gap manifests in the variance of the rectifier,
which represents the difference between paired real and
simulation outcomes. A high rectifier variance corresponds to
low correlation on Dpaired and a high real-simulation gap. Low
correlation in paired evaluations limits the predictive utility of
simulation, thereby undermining the advantage of large-scale
simulation for trustworthy inference on real performance. To
address this, we implement the following: (1) we ensure
that both real-world and simulation evaluations use the same
random seed, and (2) in simulation, we sample 20 initial
conditions from a 2cm-by-2cm box of the the real (x, y)
initial condition, execute the policy for each, and average the
results to obtain a more robust estimate of the simulation
counterpart. These measures mitigate the real-simulation gap
without requiring additional real evaluations.

A. Real2Sim Robot Experiments

For the SureSim (2-Stage) family, the rectifier significance
level is set to δ = 90% of the the total significance level. All
methods are given a significance level of α = 0.1.

Diffusion Policy. First, we evaluate a single-task diffusion
policy on a distribution of various types of pick objects.
For each real object Xi, we get the real label Yi by
taking the average of partial scores of real trials at 5 initial
conditions shown in Figure 2. The paired evaluation score
f(X̃i) is the average of simulation partial scores from 100
evaluations corresponding to the 5 real initial conditions. On
average, the correlation on the paired dataset is 0.72. For the
additional simulation objects, we choose the Objaverse split
of RoboCASA objects. For the following results, we use 100
random samples2 of n = 60 paired evaluations and up to
N = 700 additional evaluations.

Fig. 3: Evaluating Diffusion Policy with n = 60 paired trials
and up to 700 additional simulations.

Figure 3 illustrates the size of confidence interval widths
as we scale-up simulation. At just 100 additional simulations,
SureSim tightens the confidence interval with respect to
Classical as simulation is scaled up further. In cases where
the confidence interval is not truncated at 0 or 1, the rectifier

2In practice, this amounts to 100 random re-samplings of 60 objects
(without replacement) from the bank of 120 real objects.

https://www.meshy.ai/


interval width serves as a lower bound on the confidence
interval width as the number of additional simulations
increase. The rectifier interval width is computed from finite-
sample confidence intervals for the rectifier at δ = 0.09
level of significance, and is determined by the rectifier
variance. SureSim and SureSim-UB in Figure 3 approach
this lower bound relatively quickly, indicating efficient usage
in incorporating simulation data up to the limit imposed by
the real-simulation gap. At N = 700, the mean interval width
of SureSim is 0.16 which is a decrease of 14.4% compared
to the interval width of length 0.187 for the Classical
method. The SureSim (2-Stage) family has a slower decrease
in interval width with scaling simulations as compared to
SureSim family due to: i) the two-stage procedure introducing
inefficiencies in separately computing confidence intervals for
the rectifier and additional simulations, and ii) the significance
level allocated to the simulation confidence interval (α− δ =
0.01), requiring further simulation trials.

SureSim SureSim-UB SureSim  
(2-Stage)

SureSim-UB  
(2-Stage)

: Moderate Correlation (N=2100)π0Diffusion Policy (N=700)

Fig. 4: Average number of hardware trials saved compared to
Classical, computed over 100 random draws of data. Error
bars indicate standard error of the mean savings.

We study the advantage of our methods over hardware-
only evaluations as follows. For each method, we compute
a confidence interval at n = 60 samples, and iteratively
increase the number of samples n given to Classical until
the resulting confidence interval is tighter than the method’s
interval. Figure 4 illustrates the resulting savings, where the
SureSim and SureSim-UB yield around 25% savings with
respect to real-only evaluation for diffusion policy.

Finetuned π0. We present two examples of evaluating
π0, where we consider a joint distribution over objects and
initial conditions. In the first case, an object is randomly
selected and placed at an initial condition sampled from
{1, 2, 3, 4}, as shown in Figure 2. In the second case, the
initial condition is sampled from {1, 2, 3}. The former setting
yields a moderate real-to-sim correlation, whereas the latter
produces a low correlation. We present both cases to evaluate
our methods under contrasting real-simulation correlation
regimes. The real evaluation label for a specific object
and initial condition is recorded according to the partial
score metric, and the paired simulation records the average
of simulation partial scores on the perturbed set of initial
conditions corresponding to the real initial condition. Figure 5
illustrates average confidence interval widths with increasing
number of additional simulations. Confidence intervals will

vary in width and location for different draws of data from the
same distribution; we illustrate one representative confidence
interval for each method in Figure 5.

Moderate Correlation. The real-simulation Pearson cor-
relation ρ is 0.59 on average on the paired evaluation set.
Despite the modest correlation, at just N = 1000 additional
simulations, SureSim and SureSim-UB approach the rectifier
lower bound, resulting in an advantage over Classical.
At N = 2100 additional simulations, SureSim (2-Stage)
and SureSim-UB (2-Stage) approach the average Classical
interval width, and are projected to decrease further with
additional scaling. Compared to the 2-stage methods, SureSim
and SureSim-UB efficiently efficiently tighten confidence
intervals up to the limit afforded by the real-simulation gap.
Furthermore, as seen in Figure 4, SureSim and SureSim-
UB require 20% fewer real trials compared to hardware only
evaluation. In future work, we will study further improvements
to these finite-sample results by fine-tuning simulation.

Low Correlation. Empirically, finetuned π0 demonstrates
strong generalization to diverse object types, with initial
conditions {1, 2, 3} consistently achieving high success rates
compared to initial condition 4. While simulation evaluations
reflect this trend, they do not reflect subtle variations in
real performance on the subset {1, 2, 3}, resulting in a
low correlation of around −0.05 on Dpaired. This results in
qualitatively different behavior. As shown in Figure 5, none
of our methods beat Classical. This is unsurprising because
the there is nothing to infer about real policy performance
from simulation. While scaling simulation does not help
in this instance, our methods still return statistically valid
confidence intervals, ensuring that interval width is not
spuriously reduced when simulation is not a good proxy.

Across all Real2Sim experiments with moderate correlation,
we observe that SureSim yields the greatest savings in
terms of hardware trials saved and reduction in interval
width. SureSim converges relatively quickly in the number
of additional simulations in comparison to the two-stage
methods. Furthermore, as we scale the number of simulations,
the confidence intervals from our methods do not shrink to
arbitrarily small widths. This controlled behavior is desirable,
as it prevents overconfidence and ensures robust estimation of
the mean. The gain from large-scale simulation depends on
the correlation between paired real and simulated evaluations,
which determines the rectifier variance. As discussed in
asymptotic settings for mean estimation [16], combining real
and simulated data is effective only when the rectifier variance
is smaller than the variance of real evaluations—a condition
that remains necessary in the non-asymptotic regime before
committing substantial effort to large-scale simulation.

B. Sim2Sim Experiments

We run simulation-simulation experiments to allow for a
large holdout set to compute the “true” mean for validating
coverage. As illustrated in Figure 6, we use one simulator
setting as the “real” environment and the other as “simulation”.
We evaluate finetuned π0 on 3D object models of real objects
(Figure 2) as well RoboCASA. The paired evaluation set
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Fig. 5: How does interval width decrease with scaling simulations? Confidence interval widths computed for n = 60
paired trials and up to N = 2100 additional simulations. Left: Under moderate correlation, SureSim and SureSim-UB
achieve a 20% decrease in average interval width at N = 2100 compared to Classical. Right: As expected, there is no
decrease in interval width with scaling simulations under low correlation. Due to truncation at 1, the interval widths are
smaller than the rectifier interval width (which do not truncate here).

Sim lighting: [0,3,2]

Real lighting: [0,6,6]
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Fig. 6: Sim2Sim Experiments. Confidence interval widths for 100 random draws of data at n = 100 paired trials with up to
N = 2000 additional simulations. In each draw, we hold out 400 randomly sampled environments for validating coverage.
Our methods always beat Classical irrespective of confidence level α.

has a very high correlation of 0.97. For these experiments,
we also report intervals for the Control Variate method,
including the standard implementation presented in [44]
as well as a data split version for an unbiased variance
estimate. For data splitting, we use 20% of the paired data
for variance estimation and the remaining for inference. As
shown in Figure 6, at α = 0.1, all methods beat Classical,
with the SureSim family efficiently converging to the rectifier
interval width. As the significance level decreases, Control
Variate no longer beats Classical while SureSim always
improves. Based on the prior discussion, we do not expect
Control Variate to meet the required coverage rate, and as
seen in Figure 6, our experiments suggest that the empirical
coverage rate can degrade with additional simulation samples.
This degradation is cause for caution when interpreting the
tightness of interval widths at α = 0.1, which highlights the
importance of controlling for Type-1 error.

VI. CONCLUSIONS

We introduce SureSim for augmenting large-scale simula-
tion with a relatively smaller number of real-world evaluations
to provide non-asymptotically valid inferences on real-world
policy performance. With a real2sim formalism, we can
characterize the problem of combining real and simulation
evaluations as a prediction-powered inference problem, and

leverage finite-sample valid mean estimation algorithms. This
pipeline allows us to evaluate the generalization capabilities
of robot foundation models such as diffusion policy and π0.
Compared to hardware-only evaluation, our method saves
over 20−25% of hardware evaluations on average. While this
work is a foundational step toward scalable and reliable robot
policy evaluation, future research directions include data-
efficient fine-tuning to improve real-simulation correlation,
replacing physics-based simulation with action-conditioned
world models, and active sampling algorithms that prioritize
real evaluations with large real-simulation gap.
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